Abstract. In structural engineering, the behavior of materials is often defined at the macroscopic level where experiments are suitable. Utilizing the advanced knowledge of the microstructure, multiscale modeling represents a beneficial tool for material properties estimation. During the last two decades, multiscale models based on continuum micromechanics for concrete have been developed. The implementation of these multiscale models is performed in a two-step manner: First, the volume fractions of the phases at the lower scale are calculated, followed by an upscaling process. These models require a high number of input parameters which partially exhibit high uncertainties. The paper discusses the question how the uncertainties of the input parameters are propagated through the different scales of concrete during the upscaling process. It is investigated whether the upscaled mechanical properties will show a high variability due to the diversifying properties of the initial components. Sensitivity analysis is applied to cement pastes, mortars, and concretes with water-to-cement ratios of 0.40, and 0.60. The total order sensitivity indices according to the variance decomposition method by Sobol are computed for all input parameters. By means of interpretation of sensitivity indices, the importance of parameters on the model output is quantified. A more accurate a priori knowledge of the input parameters can lead to a decreased uncertainty of the upscaled results. Furthermore, the uncertainty propagation starting at two commonly applied hydration kinetics models is compared. The results show that the scatter of the model responses increases significantly during the upscaling process; hence, it should be considered in the assessment of the multiscale modeling results.
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INTRODUCTION
In civil engineering, the behavior of materials is mostly defined at the macroscopic level. Macroscopic models for the prediction of the materials' behavior are often empirical; therefore they contain parameters without a specific physical meaning. Concrete is commonly handled as a homogeneous material at the macroscopic scale in prediction models. However, it behaves highly heterogeneous at the microscale. Utilizing the additional knowledge of the microstructure and the materials' chemistry, multiscale modeling represents a beneficial tool for material properties estimation. Recently, multiscale models based on continuum micromechanics have been developed and successfully applied to cementitious materials. Following the modeling philosophy in continuum micromechanics, no fitting parameters are introduced; rather, a particular physical meaning is assigned to the model parameters. By means of multiscale models, properties regarding the elasticity, strength, and creep of concrete can be predicted using intrinsic elastic properties of the constituents and their volume fractions (e.g. [1] , [2] , [3] ). This paper focuses on the multiscale elastic analysis. The prediction of elasticity via semi-analytical homogenization methods in the framework of continuum micromechanics is performed in a two-step manner. The calculation of the volume fractions of the phases at each scale is followed by an upscaling process. The evolution of the microstructure of cement paste during the hydration process is computed using hydration kinetics models. In this study, two commonly utilized hydration kinetics models are employed: the PowersAcker hydration model [4] , [5] and the hydration model proposed by Bernard [6] and refined by Pichler et al. [7] .
Commonly, multiscale analyses are performed using a deterministic approach including established values of the input parameters. Calculations comprising the stochastic input parameters result in probabilistic multiscale analyses where the upscaled mechanical property represents a stochastic variable which is a function of the parameter variation. This seems to be useful because multiscale models require a large number of input parameters that commonly exhibit a high uncertainty. The question arises whether the upscaled mechanical properties will show an increased variability due to the diversifying properties of the initial components. The paper aims to study the propagation of uncertainties of the input parameters through the different scales of concrete during the upscaling process. Uncertainty quantification in multiscale modeling has been rarely investigated so far. Studies have been conducted for several types of materials and with different methodologies of uncertainty quantification. Clément et al. [8] considered the uncertain nature of hyperelastic heterogeneous materials at the microscopic scale and proposed a methodology for the uncertainty quantification based on polynomial chaos representation. Vu-Bac et al. [9] proposed a stochastic multiscale method for polymer nanocomposites across four length scales and quantified the uncertainties of several input parameters using different types of sensitivity analyses. Particularly, approaches for independent as well as for correlated input parameters were introduced. Uncertainties in the multiscale modeling of concrete were investigated by Berveiller [10] and Venkovic et al. [11] . Berveiller in [10] discussed the variability of the Young's modulus of cement paste using polynomial chaos expansions. Venkovic et al. [11] computed the uncertainty propagation of a multiscale poromechanics-hydration model for concrete by means of stochastic meta-models and polynomial chaos expansions.
However, a detailed uncertainty analysis at different scales of a continuum micromechanicsbased multiscale model for concrete has not been performed yet to the best of the authors' knowledge. This study aims to assess the influence of the variabilities and uncertainties of the initial composition of cement-based materials on elastic properties across the scales. Additionally, differences in the statistical variation of the model output of two different hydration kinetics models are appraised. A framework for the application of the sensitivity analysis on probabilistic multiscale modeling for concrete is proposed. Results of the sensitivity analysis applied to cement pastes, mortars, and concretes, respectively, with water-to-cement ratios of 0.40 and 0.60 are presented. The paper is organized as follows: First, the fundamentals of continuum micromechanics are recalled and the deterministic multiscale model is introduced. Then, probabilistic multiscale modeling is performed considering uncertainties of all input parameters. The uncertainties of the model predictions at different stages of the hydration process are computed. The parameters influencing the uncertainty most are identified, and their probability density functions at different time steps are estimated. The paper is concluded with a discussion and further recommendations.
DETERMINISTIC MICROMECHANICAL MODEL OF CONCRETE
Theoretical fundamentals of modeling and homogenization methods within the realm of micromechanics have been presented in the works by [12] , [13] , [14] , [15] , [16] . Subsequent investigations by [6] , [17] , [18] [19] , [1] extended the principles towards the application on cementitious materials and the upscaling of elastic, strength, and creep properties from a microscopic to a macroscopic observation level.
Micromechanical representation
Within the framework of continuum micromechanics, the concept of representative volume elements (RVE) including the separation of scales requirement is followed [20] . The microstructure of concrete cannot be resolved and described in every detail. Thus, at each scale of the multiscale model, one RVE comprising quasi-homogeneous subdomains with known physical quantities is defined [2] .
The morphological model for concrete adopted here is based on [7] . The model includes four scales of observation which are shown in Figure 1 . For the sake of simplicity, the shapes of all embedded phases are assumed to be sphericular. It is known that the distinction of different phases morphologies increases the accuracy of the model prediction [1] .
Hydration kinetics models
There are several models describing the kinetics and the evolution of volume fractions in cement pastes during the hydration process of cement particles. The two most important and principally used models are the Powers-Acker hydration model [4] , [5] ("Powers model") and the hydration model proposed by Bernard [6] , later improved by Pichler et al. [7] ("Bernard model").
The Powers model
The Powers model, often denoted as the "engineering model", provides the volume fractions of unhydrated clinker (f clin ), water (f H 2 O ), hydration products (f hyd ), and of air (f air ) at the cement paste scale as functions of the initial water-to-cement ratio (w/c) and of the degree of hydration (ξ). The latter value is defined as the mass of hydration products formed up to the current stage of the hydration process divided by the mass of hydrates formed in case of a completed hydration (ξ = 1). The calculation of the phase volume fractions is exemplary described in [2] .
The Bernard model
Bernard et al. [6] proposed a hydration kinetics model which describes the evolution of relative volume properties of the elementary clinker phases. The model comprises stoichiometric and kinetic equations for the calculation of volume fractions of reactants and hydration products at different stages of the hydration. The underlying stoichiometric relations utilized in this model are adopted from Tennis and Jennings [21] . The kinetics of the hydration are described by kinetic laws that link the reaction rate dξ/dt to the affinity A(ξ x ) as well as to kinetic constants that determine the characteristic time associated with the chemical reaction τ . Detailed information can be found in [6] .
Upscaling of the elastic properties
Once the morphological model is established, the mechanical behavior of the material can be estimated using homogenization schemes. The underlying fundamentals necessary for the upscaling procedure of elastic properties can be found e.g. in [6] , [17] , [18] [19], [1] . The self-consistent (SC) scheme [14] , [15] is appropriate for polycrystalline structures, i.e., for materials which phases are dispersed in the RVE. Then, the matrix medium coincides with the homogenized medium. For materials in which a continuous matrix can be distinguished from particular inclusions, the Mori-Tanaka (MT) scheme [22] , [23] is suitable. In this work, the MT scheme was applied to all RVE, except to the anhydrous cement particles. There, the SC scheme was used. The micromechanical model estimates the elastic properties of cement pastes, mortars, and concretes as functions of the degree of hydration and of the composition. Figure 2 shows the homogenized Young's modulus derived from multiscale modeling using the two introduced hydration kinetics models at four scales of observation. The application of the homogenization schemes yields simplified equations of the effective shear µ hom and bulk modulus k hom with which the Young's modulus can be computed. The respective equations can be found in [3] . 
PROBABILISTIC MULTISCALE MODELING
Approaches for assessing the quality of the prognosis of engineering models are demanded. Methods based on uncertainty and sensitivity analyses represent suitable tools to rank input parameters according to their sensitivities on the output and to identify main contributors to the uncertainties of models. Utilizing results of these analysis helps to improve the accuracy of model predictions.
Assessment methodology

Sensitivity Analysis
The sensitivity analysis determines how the uncertainty of the model output can be linked to the uncertainty of the model input parameters in a qualitative and a quantitative manner. The main objectives are the identification of input parameters which have the most significant influence on the model output and the quantification of their relative importance. In subsequent modeling steps, input parameters with the least influences can be considered as deterministic, i.e. fixing a non-influential parameter at one value of its range of variance.
In this study, the variance-based global sensitivity analysis according to Saltelli [24] was applied. In contrast to local sensitivity analyses, global ones consider the simultaneous variation of all stochastic input parameters. For a model with a scalar output Y as a function of n random input parameter sets X i (i.e. Y = f (X 1 , X 2 , ..., X n )), the first order sensitivity indices are calculated according to [25] :
where V (Y ) denotes the unconditional variance of the model output,
is the variance of conditional expectation, and X ∼i identifies the matrix of all factors but X i .
The first order sensitivity indices measure only the first order effect of X i on the model response, i.e. the influence of every single variable in a decoupled way. Hence, higher order terms have been introduced (total effect sensitivity indices) [24] :
where Y | X ∼i is the variance of the model response caused by all input parameters X i . The method of Saltelli can only be applied in case of uncorrelated the input parameters. Methods considering correlated input parameters are proposed by several researchers (e.g., [26] ).
Uncertainty Analysis
Uncertainty describes the incomplete knowledge about models and parameters. By means of uncertainty analysis, the uncertainty of the model response as a result of the uncertainty in the input parameters is quantified. There are different sources of uncertainty in the modeling process due to measurement inaccuracies, natural variations in the data, and uncertain scientific backgrounds of models.
As a first step of the uncertainty analysis, all sources of uncertainties in the input parameters that affect the model output have to be identified. The specification of model probability distributions of all input parameters is required. These distributions are either reported in the literature or are based on empirical evidence. Subsequently, the probability densitiy functions (PDF) are used to generate sample sets independently for each of the input parameters. Then, the model is evaluated with the respective parameter sets and, finally, its output is analyzed using statistical methods.
Sampling Approaches
Several methods are used to generate samples from given probability density functions (PDF). Some of these include the Monte Carlo Simulation (MCS), Latin Hypercube Sampling (LHS) and Advanced Latin Hypercube Sampling (ALHS). In this study, the method of LHS has been used, since it is independent of the number of random variables. Thus, the number of required samples is significantly reduced [27] . The underlying idea of this method is the allocation of the ranges of the input parameters into intervals that have equal marginal probabilities. In the presented probabilistic multiscale model, 10,000 samples for each input parameter have been generated.
Model input parameters
The two hydration kinetics models from section 2.2 use several input parameters. In total, there are 17 stochastic input parameters for the Powers model and 26 variables for the Bernard model. All parameters are assumed to be uncorrelated.
The stochastic properties and specific values for all of the input parameters are given in detail in Appendix A.1. Due to a lack of experimental data, some probability distributions were assured by the authors which introduces bias in the results of both the uncertainty and the sensitivity analysis [11] . This represents a future topic in research.
RESULTS
The elastic multiscale analysis allows the prediction of the Young's modulus of cement paste, mortar, and concrete for several water-to-cement ratios at different stages of hydration. In comparison to the deterministic approach, the probabilistic analysis allows the investigation of distributions of the model responses.
Prediction of a probabilistic Young's modulus
The multiscale model was evaluated for each of the sample sets. From the stochastic model responses, the PDF and the Coefficient of Variation (CoV) of the model responses at three scales of observation were determined. Figure 3 shows the evolution of the CoV for the two hydration kinetic models, the Powers model and the Bernard model, as functions of the degree of hydration and for different water-to-cement ratios (w/c=0.40 and 0.60). Apparently, the coefficient of variation increases during the upscaling process. At the cement paste scale, there is a fewer number of input parameters compared to the concrete scale. Thus, the CoV is the lowest at the cement paste scale. Both, the Powers model and the Bernard model, exhibit the same CoV at the fully hydrated stage. Major differences between the two hydration models occur at early hydration stages (Degree of hydration < 0.4). A higher variation in the Powers model is observed during the first stages of the hydration. In the Powers model, there are no kinetic calculations included; the volume fractions of the phases are solely functions of the w/c-ratio and the hydration degree. Since the reactions occuring in the early hydration are not described in the same detail as in the Bernard model, the model responses of Powers are constrained with larger CoV. With the advancement of the hydration process, the influence of the kinetic parameters on the Young's modulus is less significant. For the considered water-tocement ratios, the evolutions of the CoV are almost similar to each other. Figures 4 and 5 show the probability densities of the model responses of the two hydration kinetics model as functions of the degree of hydration. Using the 10,000 realizations of the models at different time steps, the mean, the standard deviation, and the probability distribution of the Young's modulus were estimated. The model responses of both hydration kinetic models were found to be normally distributed. In Figure 4 , the resulting probability densities of Powers' model are presented. The probability densities are shown separately for the three respective scales of observation. It is observed that the probability densities become lower during the upscaling modeling process. Furthermore, the shapes of the curves at the concrete scale are broader than at the cement paste scale. This is closely related to the evolution of the CoV as described before. Large CoV come along with broad proability density functions; both express a larger variability of the results. By showing the PDF, the differences between the results of the two different w/c-ratios are more visible than in the evolution of the CoV. The PDF shows slightly broader curves in case of a waterto-cement ratio of 0.4. One reason might be that in case of w/c=0.4 more unhydrated cement clinker particles remain in the material and thus contribute to the variation of the model results. For a water-to-cement ratio of 0.6 almost no clinker particles are left in the material. Hence, only the uncertainties of the hydration products influence the response variations. The same conclusions can be drawn for the Bernard model. Compared to the distributions of the Powers model, the distributions of the Bernard model are slightly sharper which is related to a lower scatter in the model results. .
Sensitivity Analysis
The results of the global sensitivity analysis are exemplary discussed for the model responses using the Powers model. They are represented in Figure 6 . The sum of the sensitivity indices is close to 1. Thus, interaction effects between the input parameters are negligible. The numerical effort necessary for execution of the sensitivity analysis is much higher for the Bernard model than for the Powers model due to the higher number of input parameters.
At the cement paste scale, the intrinsic elastic properties of the low-density C-S-H phase are mainly important for the model output. It is obvious that the prediction of the Young's modulus at this scale is closely related to this mechanical value since this phase represents the main component of cement paste. During the hydration process, Portlandite is formed which is linked to an increase of its sensitivity index. At the mortar scale, the volume fraction of sand is the most influencing factor whereat its influence on the model output decrease with ongoing hydration and the accompanied production of hydrates. At the concrete scale, the volume fraction of the coarse aggregates is determining at early-age hydration stages and the Young's modulus of the aggregates influences the model results in the later stages. Compared to the results for a w/c-ratio of 0.4, the results for w/c=0.6 are lower. This might be due to the fact that at the lower w/c-ratios there are some unhydrated clinker particles which also contribute to the Young's modulus. The elastic properties as well as the volume fractions of the minor components do not influence the model responses much. Their sensitivity indices are mostly lower than 0.2. 
CONCLUSION
A probabilistic approach was applied on a continuum-micromechanics based multiscale model to investigate the uncertainty propagation of input parameters across the length scales of concrete. The variability of the model responses was predicted and the parameters with the highest influence on the model outputs were identified. A probabilistic multiscale analysis through several scales of observation provides more insight on the nature of the upscaled elastic properties of cementitious materials than a deterministic analysis. Probability distributions of the model outputs and the intervals of the likelihood of the mechanical values were shown to be some of the possibilities of probabilistic model analyses.
By means of the sensitivity analysis, the significant influences of the elastic parameters at the cement paste scale and of the volume fractions at the larger scales were discussed. Furthermore, the increase of the model output uncertainties during the upscaling process as a result of the propagation of uncertainties in the input parameters was presented. In order to reduce the uncertainty of the upscaled mechanical properties of cement-based materials, the input parameters having a high sensitivity towards the Young's modulus should be determined precisely prior to the modeling process.
Comparison between the two well-known hydration kinetic models from Powers-Acker and Bernard revealed that the uncertainties and variations of both model responses are almost in the same range. The Bernard model only shows slightly higher uncertainties which seems to be surprising when the higher number of parameters in the Bernard model are considered.
This paper presented the application of a probabilistic assessment methodology on multiscale models. A further research topic could be the assessment of the accuracy of the two hydration kinetics models. It is worth to investigate whether the higher complexity of the Bernard model with its higher number of input parameter leads to an improved model prediction compared to the Powers model.
A APPENDIX
A.1 Model input parameters and their stochastic properties for the Powers model 
